We study four promotions offered on Apple's mobile app store that vary in user exposure, price discount and redemption procedure. We find that promotions that are full-price discounted and digital (i.e., the redemption procedure is a few taps on the smartphone) are the ones that cause the largest increase in downloads. Investigating the effect on ratings, we find neutral or positive effects on the ratings for all fullprice discounted promotions but negative short-term effects on the ratings of apps promoted by substantial, but only partial, price discounts. Furthermore, we find that high barrier promotions induce a rich-get-richer effects, with apps that were popular before the promotion receiving, generally, larger benefits. In contrast, low barrier promotions cause, on average, the same increase in sales for all participating apps regardless their characteristics or their previous popularity. Finally, we explore the effect of these promotions on the competition of the featured apps and find negative externalities when the promotion is low barrier and positive when it's high barrier. * gask@u.northwestern.edu 1 arXiv:1506.06857v4 [cs.CY]
We focus on four such promotion campaigns in the iOS App Store. Two of them are versions of a larger promotion offered by the coffee chain Starbucks, called 'iOS Pick of the Week'. With both promotions, Starbucks offers a one-time redemption code that customers can use to get a featured app for free. The difference between the two promotions is that one distributes the redemption codes via printed coupons in physical stores (we will refer to this distribution method as 'In-Store') and the other from within the Starbucks iOS app (we will refer to this distribution method as 'Digital'). The sets of apps featured in these two One of the key differences between the two promotions offered by Apple and the two promotions offered by Starbucks is that the two promotions offered by Apple feature large banners on the front page of the App Store, and the featured apps were sold for the reduced price for all users (even those who were unaware of the promotion before their visit). In contrast, Starbucks' promotions were valid only for customers that had acquired a redemption code either in store or though the iOS app. All other users would have to pay the full price to get the app.
Even though these promotions were offered both inside and outside of the United States, in this study we focus only on the US App Store and US Starbucks stores.
Main Insights
We focus on two main characteristics of the promotions: steepness of price discount and ease of redemption. We utilize the similarities and differences between the four promotions in our study to understand the effect each of these two promotion characteristics had on the sales and ratings of the promoted apps. We find that digital promotions, which are easy to redeem, accompanied by a full price discount are the promotions that cause the largest increase in sales, while having neutral or even positive effects on the ratings. In-store coupons, which are slightly less trivial to redeem, cause a smaller increase in sales but also have no effect on the ratings. Non-full price discounted promotions cause the smallest (but still positive) increase in sales but can also have a negative effect on the ratings. Furthermore, we explore the effect of various app characteristics in the success of the app's promotion. We find that in digital and full-price discounted promotions, all featured apps receive on average the same increase in sales. But in promotions with higher barriers (such as less trivial redemption procedure or non-zero price) apps that were more popular before the promotion are the ones that will receive the largest increases in sales. This indicates that when the user is offered an app that is free and (literally) a few taps away, the specific characteristics of the app will not matter much on their decision to redeem the offer or not.
But when the barriers are higher, users are more likely to do the effort (or pay the price) if it's a more established app that they are familiar with.
Finally, we are also interested in understanding the effect that these promotions had on the apps competing with the promoted apps. We find that full price discounted promotions to have a significant negative effect on the sales of their competition but not full price discounted promotions have a positive effect on the sales of their competition. We interpret this result as a sign that users are intrigued and interested when they are exposed to an app through a promotion. If the app is not free, the user will not commit immediately but instead will explore the alternatives. When the app is free, the user will have little incentive to search for alternatives.
All these insights can directly help practitioners better design their marketing campaigns. Figure 1: A summary of the characteristics of the promotions we study
Related Work
There has been extensive work on the correlation between ratings and revenue, amongst others for the case of books (Chevalier and Mayzlin, 2006) , movies (Chintagunta et al., 2010; Liu, 2006; Basuroy et al., 2003; Reinstein and Snyder, 2005; Duan et al., 2008; Dellarocas et al., 2005) , games (Zhu and Zhang, 2010) as well as new products in general (Cui et al., 2012) . Luca (2011) and Anderson and Magruder (2012) apply a regression discontinuity technique on Yelp and find that a half star (on a 5 star scale) increase on a restaurant's ratings leads to a 5-9% higher revenue and higher sell out rates for restaurants, respectively. Engstrom and Forsell (2014) apply the same technique on Google Play and find that a half star increase on ratings (on a 5 star scale) leads to 3% more downloads for the app.
Furthermore, a 10 percentile increase on the displayed number of downloads can further increase the downloads by 20%.
Another line of work tries to understand the profitability of discounts and promotions. For example, Edelman et al. (2011) argue that deep discounts work only if they reach customers with substantially lower valuations for the product than the regular customers. Especially relevant to our work, Spriensma (2012) for the developers to both strive to be featured on their respective stores and offer frequent discounts. Ajorlou et al. (2014) even provide theoretical evidence for the optimality of a pricing strategy that drops the price to zero infinitely often in an environment where word of mouth effects are in play. Finally, Adamopoulos and Todri (2014) study the effectiveness of a large scale marketing campaign carried out on Twitter and find significant returns on participating brands in terms of fan base and social media followers.
Our work is related to both of the aforementioned lines of research since it estimates the immediate effect of various promotions on the sales of mobile apps but also tries to understand the effect these promotions have on the ratings of the apps. The effect on ratings is important because the ratings can continue affecting the sales of the app long after the promotion is over. Our work is especially related to the work of Byers et al.
(2012) who found that establishments that offer Groupon promotions find their Yelp rating decrease. But our work also differs from theirs in some crucial ways. First, we are studying promotions and reviews for digital and not physical goods (or services). Hence, some of the caveats that could apply for physical establishments don't apply here, e.g., all purchasers of a digital good get the exact same product no matter the price they pay, whereas owners of restaurants could discriminate against customers not paying full price. But perhaps the most important distinction between our work and the work of Byers et al. (2012) is that the four promotions studied in this paper are selected and offered by two third-party companies that have their own complicated incentives. Hence the selection process is not as endogenous as in platforms like Groupon.
By comparing four different promotions and the different effects they had on the sales and ratings of the featured promoted apps, our work, amongst other contributions, can lead to a better understanding of how to design effective marketing campaigns.
Data
Our dataset is from the period of January 2013 to December 2015. Within this time frame, 59 and 71 apps were offered in the digital and in-store versions of the Starbucks promotion respectively, and 93 apps were offered in Apple's 'App of the Week' promotion (roughly one per week). The Apple Amazing promotion is an aggregation of four promotions, that featured between them 68 unique apps.
Our first dataset consists of the app name, app id and the start date of the promotion for each of these 291 promoted apps. The app id is a unique string assigned by Apple to each app. In general, all apps were offered for one week each. For each promoted app, we also collect details about their characteristics such as category, price, size and number and price of in-app purchases. We use these characteristics to understand how the promoted apps may differ from other apps in the store.
On the iOS App Store a user can submit two types of reviews: A star rating on a scale from 1 to 5 or a star rating and accompanied by text. All ratings contribute to a displayed average star rating but only ratings accompanied by text are displayed in the app's review page alongside with their submitted date. Between them, the 291 (59 and 71 from the Starbucks promotions and 93 and 68 from Apple's) studied promoted apps had, as of January 2016, more than 665 thousand text reviews. For each of these text reviews we collected the accompanying text, the date the review was submitted, and their star rating.
We don't have data on the ratings that were submitted without accompanying text review.
We also use two control datasets. One consists of 56 thousand uniformly sampled apps from the set of all available apps in the AppStore. For these control apps, we collected detailed information about their characteristics such as price, size, number of in-app purchases (if any), price of in-app purchases (if any) and more. We use this control dataset to get insights about how promoted apps differ from an average app from the App Store with respect to the aforementioned characteristics. From the 56 thousand uniformly sampled apps, we further uniformly sample 5 thousand apps for which we collect all text reviews. This is our second and main control dataset which we use to control for temporal and other trends when examining the effect of the promotions on the sales and ratings of the promoted (and competing to the promoted) apps.
Since we can't observe the number of sales, we use the number of text reviews to make indirectly detect relative changes in the sales of an app. This is an approached used also in for data from the Google Play store. In both Google's and Apple's store, only users that have downloaded an app can submit a review, so the number of reviews an app receives is always a lower bound on it's sales.
Furthermore, we use the relative changes in the star average from text reviews to approximate relative changes in the overall star average.
Terminology Throughout the paper we will refer to any apps that were offered as part of the digital version of the Starbucks 'iOS Pick of the week' promotion as Starbucks Digital apps and to the promotion itself as Starbucks Digital. Similarly, we will use the terms Starbucks In-Store apps and Starbucks In-Store promotion, Apple Weekly apps and Apple
Weekly promotion and Apple Amazing apps and Apple Amazing promotion. There should be no confusion with apps made by Apple or Starbucks, which are not part of any promotion discussed in this study. Finally, we will usually refer to a rating accompanied by text as text review and simply as rating otherwise.
Initial Exploration
We start by using our datasets to get insights on the general characteristics of the promoted apps and how they may differ from an average app in the App Store. Table 1 shows some general characteristics of the four sets of offered apps as well as of a control set of uniformly sampled apps. We see that the offered apps have a higher average price than the control and, amongst the offered apps, the ones that were offered on a non full price discount are the ones with the highest regular price. We also see that 75% of the apps offer the highest number of in-app purchases (5 compared to 2.47-2.73 for the other three promotions and 0.42 for the control) at the highest prices. This hints that the developers of the Apple Weekly apps prepare for a large influx of new users who will get the app for free and use in-app purchases to capitalize on them. In contrast, the two Starbucks and the Apple Amazing promotions have a smaller effect on the revenue of their developers since users that don't have redemption codes still pay full price for the app. Finally, the app size can provide an idea about how sophisticated the app is, for example in terms of state of the art graphics.
Here too, we see that the Apple promotions feature apps that are generally much larger in size than the average app as well as the apps featured in the Starbucks promotions. This could hint toward Apple selecting and promoting state-of-the-art apps and games that, for example, take full advantage of the powerful graphics of the latest hardware releases.
Effect of Promotions on Sales
One of the first metrics that can help evaluate the success of a promotion is the increase in sales it caused for the participating apps. Hence we investigate here both the immediate as well as the longer term increase that the four studied promotions caused for their featured apps.
Generally, we would expect low barrier promotions, i.e., free and easy redemption process, to outperform higher barrier promotions such as promotions with less trivial redemption procedures or not fully discounted. Hence, we expect the Apple Weekly and Starbucks
Digital promotions to cause a larger increase than the Starbucks In-Store and Apple Weekly.
Furthermore, since the Apple Weekly promotion features a banner in the front page of the App Store driving awareness, we expect the Apple Weekly promotion to outperform the Starbucks Digital one. Amongst the two high barrier promotions, we expect that the less trivial redemption procedure will outperform partially discounted promotion.
An exploratory analysis of our dataset provides support for all the predictions above. The average Apple Weekly app goes from 1.45 reviews per day, in the 7 days before the promotion starts, to 53.6 reviews per day in the 7 days of the promotion ,an increase of almost 3600%.
For the same time periods, the Starbucks Digital apps go from 1.4 to 20 reviews per day (1800% increase), the Starbucks In-Store apps go from 1.75 to 12 reviews per day (1025%) and the Apple Amazing apps go from 2.6 to 5.75 reviews per day (124% increase). Table 2b displays the short term (one week after and one week before the start of the promotion) and long term (one month after and one month before the start of the promotion) increase in number of daily reviews. We show both the absolute as well as percentage increase. Note that all promotions studied in this paper run for 7 days. 
The Econometric Model
In order to provide statistical rigor to our descriptive findings, we estimate the following model.
The post variable is an indicator if the datapoint is after the promotion's starting date. The treat variable is an indicator if the datapoint is from an app that was part of a promotion (i.e., treatment) or not (i.e., control). The interaction variable post·treat is the one that estimates the effect of the promotion, i.e., the amount of variation in the data that cannot be explained by the control set of reviews. The error term is e.
For the purposes of the model estimations, we restrict our data only on the period of two weeks before and two weeks after the start of the promotion. This time frame captures the effect of the promotion, while the promotion is still active as well as one week after it's over.
For this time period, our dataset is comprised of 88,172 ratings for 297 treatment apps and 81,257 ratings for 2635 control apps.
We estimate Model 1 four times, once for each promotion. In doing so, we estimate effect of each promotion on the sales of the featured apps. 
Results
We discuss here the results from the estimation of Model 1 and how they relate to our descriptive results.
The fourth column of Table 2 shows the coefficients for the post·treat variable, which estimates the effect of the promotions, and it confirms our descriptive findings, shown in Figure 2a .
Apple Weekly As we expected, Apple Weekly has the largest coefficient for the post·treat variable confirming that it's the promotion with the largest positive impact on the featured apps' sales. This can be explained not only by the low barrier nature of the promotion but also by the large awareness that the banner in the front page of the App Store brings. In addition to these factors, the app is promoted and appears to be endorsed by Apple itself, hence providing users with further confidence. As seen from Figure 2a the large effects last around 2 weeks, after which a gradual descent 'back to normal' begins. The promotion is only one week in duration, and hence we believe that the extra days of increased volume of sales is due to a combination of word-of-mouth as well as higher ranks in the top selling charts, which came as a result of the promotion.
Starbucks promotions As can be seen in the second and third row of Table 2 , the coefficients of post·treat for both of the Starbucks promotions are positive and highly significant, hence confirming the positive increase in sales we observed in Figure 2a . Moreover, the coefficient is larger for the Starbucks Digital version compared to the Starbucks In-Store, confirming that low barrier promotions attract larger increases than higher barrier ones.
Figure 2a also shows that the increase in the digital promotion is much more sudden than the in the in-store promotion. This can be because customers redeeming a coupon for the in-store promotion can pick up the coupon from the physical locations but can wait up to three months before going through the process. In contrast, customers can redeem the digital promotion, right from their phones, only within the week of the promotion.
Similar to the Apple Weekly promotion, we expect that the Starbucks promotions caused an increase in word-of-mouth for the featured apps and helped them climb up the ranks of the top charts, which can explain why there are still some abnormally large sales (compared to before the promotion) even after the 7 days of the promotion were over.
Apple Amazing Even though the Apple Amazing promotion is the only one not offering a full price discount, as can be seen in the fourth row of Table 2 , it still observes a positive and significant increase in sales. Confirming what we observed in Figure 2a , this increase is the smallest amongst the studied promotions. Smaller increase in sales means smaller climb in the top-charts ranks which can also explain why this promotion seems to be the one returning to their normal pre-promotion sales faster from the other ones.
The results from this section show that low barrier promotions, i.e., digital and free, have the largest and most immediate increase in their sales whereas higher barrier promotions,
i.e., partial discount or offline redemption procedure, have smaller and less sudden, but still substantial, increases.
Effect of Promotions on Ratings
Having studied the effect of the promotion on sales, we turn our attention in the effect on On the left hand side, is the evolution of the daily average rating for the two month period offset at the start of the promotion (all promotions run for 7 days) alongside the average rating for each 30 day period. On the right hand side, is the actual distributions of the ratings for each 30 day period (before and after the start of the promotion). Figure 3 provides further support for all the descriptive statistics we mentioned above: ratings become substantially more positive for the Apple Weekly apps, remain stable or go slightly up for the Starbucks promotions and there is a sudden decrease for the Apple Amazing apps, but one that seems to be partially corrected after the end of the promotion. On the Left: Evolution of daily average rating for a two month period centered around the offer date (dotted vertical line) for the four studied promotions. On the right: the distribution of ratings for the same time period. 
The Econometric Model
We estimate the following model in order to provide statistical support for the descriptive results shown in Figure 3 . rating = α 0 + β 1 post + β 2 treat + β 3 post · treat + e
The post variable is a binary indicator if the datapoint is before the start date of the promotion and the treat variable is a binary indicator if the datapoint is from an app that was part of a promotion. The interaction variable post·treat is the effect that is unique to the promoted apps after the promotion started. Hence, the coefficient of that variable estimates the effect on the promoted apps that cannot be explained by the control dataset, i.e., the causal effect of the promotion. The error term is e.
As we did with the regressions for the effect on sales, we restrict our attention on a period of two weeks before and two weeks after the start date of the promotions. This makes the time window long enough to capture the immediate effects of the promotions while the promotions are in progress as well as one week after they are over. For this time frame, our dataset is comprised of 88,172 ratings for the 297 treatment apps and 81,257 ratings for 2635 control apps.
We estimate Model 1 four times, once for each promotion and summarize our results in Table 3 3
.2 Results
We discuss here the results of our statistical analysis and how they tie up with our descriptive results.
The coefficient for post·treat when Model 2 is run on the Apple Weekly dataset is positive and highly significant. This confirms that our descriptive findings, that the Apple Weekly promotion has a positive effect on the ratings of the featured apps, is statistically significant. Table 3 : Effect of the promotion on the short term ratings of the featured apps.
Figure 3a also shows that the positive effect in the ratings seems to be long term, one that remains even after the promotion is over. A look at the distributions of the ratings shows a substantial increase of 5-star ratings and decrease of 1, 2 and 3-star ratings, further confirming the shift towards more positive ratings.
The estimations of the coefficient for the post·treat variable for the Starbucks promotions, shown in the second and third row of Table 3 , provide statistical confirmation for our descriptive results about the effect of these promotions had on the ratings of the featured apps. For the digital version of the promotion the coefficient is not significantly different from zero but for the in-store version, the coefficient is positive and significant. A look at the evolution of the daily average rating for the Starbucks Digital apps, in Figure 3b , shows that that ratings didn't shift very much but seem to have been stabilized, perhaps because of the increased volume of reviews. The changes in the distributions of the ratings show a slight decline in 1 and 5-star ratings and a slight increase in 4-star ratings. For Starbucks
In-Store, Figure 3c ,the average ratings seem to increase slightly and stabilize. Again, this stabilization could be because of the increased volume of reviews. Moreover, a comparison of the distributions of the ratings before and after the start of the promotion, show an increase of 4-star and decrease of 1-star ratings.
The in-store promotion involves a customer noticing the printed coupon in a physical location, picking it up and then redeeming it on their phone. In contrast, the digital version of the promotion offers the users the ability to claim their free app with only two taps from the within the Starbucks iOS app. Hence, we ask, what types of customers are more likely to go through each process? Customers are more likely to go through with the offline redemption procedure if they are positively predisposed towards the promoted app, e.g., they are aware of the app from their friends or from some other source. Hence, this small barrier seems to be effective in filtering out users that wouldn't be in the target audience of the group and wouldn't enjoy it.
Even though the Starbucks Digital and Apple Weekly promotion are both digital and free, only Apple's promotion causes an increase in the ratings. This could be due to few factors.
First, it could be that the selection procedure of Apple is such that it discovers high quality apps and presents them to their users. From a private conversation the author had with a person in charge of the Starbucks promotions, the selections process for the Starbucks apps seems to be essentially the same as the one for the Apple promotions, with Apple needing to confirm the selections made by Starbucks before they go live on either of the two Starbucks promotions. Hence, another factor is the incentives and goals of each company. Starbucks seems to be offering the promotion as an additional service to their customers and our data show that they tend to choose apps that are higher rated than the Apple Weekly apps.
This could perhaps be because Starbucks wants to offer their customers already popular and risk-free apps, whereas Apple could have incentives to choose more niche apps, in order to help their customers discover even more great apps than what they already know. Finally, users that are exposed to the Apple Weekly promotion are users that are already browsing the AppStore hence they are already actively looking for apps to purchase. This seamless and well timed integration of the promotion in the user experience could be why we see the different effects in the ratings of their featured apps. Moreover, the apps featured in the Apple Weekly promotion are promoted and endorsed by Apple itself, hence an iOS user could be predisposed positively towards them.
The coefficient of the post·treat variable for the Apple Amazing promotion, is highly significant and the only, out of the four studied promotions, that is negative. This is in agreement with our descriptive results, shown in Figure 3d , that show a sudden decrease in the ratings immediately following the start of the Apple Amazing promotion. Figure 3d also shows that this decrease seems to be partially corrected as time goes on after the end of the promotion. A look at the distributions of the ratings before and after the promotion shows a decrease in 5-star and increase in 1-star ratings hence further confirming the shift towards lower ratings.
This decrease must have something to do with the fact that the Apple Amazing promotion is the only one not offering a full discount. Even though the discount is around 75%, with the average normal price for the Apple Amazing promotions being around $4, the $0.99 price tag is still higher than the median ($0) and only slightly lower than the mean ($1.2) app price in the App Store. Note that users that are exposed to the Apple Amazing promotion don't get information about the app's original price. Hence, from a customer's point of view they are offered an app that in comparison to the average app in the store, is only slightly cheaper. Hence, the promotion and the endorsement by Apple may have incentivized some users to purchase the app even though they would not have buy otherwise. The price-tag may have then caused these users to be dissatisfied and submitting a low rating.
Note that the Apple Amazing promotion is the one most similar to promotions on platforms like Groupon, because it's the only one where the apps are not given out for free.
It's interesting that it's the only promotion we find to have a negative effect on the ratings.
We think this is a finding that can contribute in further understanding of the 'Groupon phenomeon' (Byers et al., 2012) , and one that practitioners should take into account when designing their promotions.
Effect of App Characteristics
All the studied promotions caused an increase in the sales of the promoted apps, but was the extend of this increase correlated with any of the characteristics of the app 7 ? For example, when offered for free, do apps that are normally more expensive benefit more or less from apps that are cheaper? How about the previous popularity of the promoted apps? Do apps that are already popular and established benefit more or less from a promotion? Insights towards this direction can help practitioners understand what type of apps can benefit the most from each type of promotions, and design their marketing strategy accordingly.
In order to examine this question, we define a new variable, called boost, as the difference between the average number of reviews an app received during the 7 days of the promotion and the 7 days before the promotion started.
We focus on four characteristics of an app: popularity before the start of the promotion, normal price, age (in days), and size (in Mega Bytes). Popularity before the start of the promotion will help us see if there are any 'rich-get-richer' effects, where apps that were already popular benefit disproportionally from price reductions and promotions. The regular price of the app can capture if, amongst apps that are offered for the same price (free or otherwise), the apps that are more expensive normally will attract larger interest. For example, more users that held back their purchases for more expensive apps can now have the opportunity to get it at a discount. Furthermore, the regular price can also be correlated with the quality of the app. The age of the app can capture if an app is established and had more time to build their user base and word of mouth, and the size in MegaBytes of the app can signal the level of sophistication that app has, e.g., state of the art graphics or many levels for a game.
7 The author would like to thank the anonymous CIST reviewer that suggested this research idea
Since we don't always have the date that the first version of an app appeared in the AppStore, we approximate the age of an app by calculating the number of days between the start of the promotion the app was featured in, and the date of the first review it received. Then we calculate the number of reviews that an app received during its lifetime up to the start of the promotion. We then divide this number by the app's age to get the average daily number of reviews for that app up to the start of the promotion. We use this metric as an indicator for the popularity of the app before the start of the promotion. The size and price are as observed at the time of scraping, which was January 2016. Even though, there may be some differences between the observed size and price and that of the offered version, we believe that they still provide a reasonable approximation to the characteristics of the offered version.
In order to find correlations between the boost and the above characteristics, we estimate the following model boost = α 0 + β 1 POP + β 2 age + β 3 size + β 4 price + e,
where POP is the app's previous popularity, as calculated above, and age, size and price the characteristics of the app as discussed above. The error term is e. We estimate Model 3 four times, once for each promotion and our results are summarized in Table 4 .
Results
We discuss here the results of the estimations of Model 3.
Regular Price Unlike promotions on platforms like Groupon, none of the promotions we study in this paper display the normal price of the featured app 8 . Hence we expect users to Table 4 : Effect of app characteristics in the success of promotions not be sensitive to that information but, instead, only on the price they are called to pay.
Indeed we see in Table 4 that the coefficient of the variable price is not significantly different from zero for any of the four studied promotions. This means that no matter the regular price, the featured apps in the studied promotions benefit, on average, the same as the other apps featured in the same promotion.
Practitioners should be aware that even if they are cutting down their margins more than other apps featured in the same promotion, as long as the final discounted price is the same, they will not receive any advantage during the promotion.
Previous Popularity Table 4 shows that the previous popularity of an app doesn't matter when the promotion is low barrier (i.e., digital and free) but it does when it's high barrier (i.e., offline redemption or not free). In low barrier promotions users are equally likely to acquire an app that they are aware of as they are to acquire an app they haven't heard of, exactly because the promote is low barrier; they have little reason not to go through with it.
But with high barrier promotions, users are more likely to do the effort required to redeem the coupon or pay the (reduced) price if they are aware of the app already.
Hence, we see that high barrier promotions induce a 'rich-get-richer' effect, where the increase an app observes during the promotion is proportional to their previous popularity.
In contrast, apps participating in low barrier promotions receive, on average, the same increase no matter their previous popularity.
Age The age of an app can be an indicator of how established it is and how much time it had to build its user base and word of mouth. We see in Table 4 that the coefficient for the age variable is not significantly different from zero for all of the studied promotions except the Apple Amazing one, the only promotion that offers partial discount. This could indicate the users are more willing to pay even a reduced price for apps that have been in the market longer, and hence, perhaps, had the time to release multiple versions fixing any bugs and improving their product. In contrast, in free promotions the app's success is not dependent on it's age.
Size Finally, we use the size of the offered app as an indicator for the level of sophistication of the source code as well as characteristics like graphics, number of gameplay levels (if the app is a game) and more. We see in Table 4 , that the coefficient for the size variable is not significantly different from zero for any of the studied promotions. This means that when promoted, apps of all sizes benefit, on average, the same from the promotion.
Our insights from this section can help practitioners better design their own promotions according to their apps. For examplee, apps that are newer and not yet very succesfull should avoid being featured in high barrier promotions alongside with more successful apps, since the more successful apps will disproportionally benefit from the promotion. Apple's recommendation engine in the AppStore works mainly by displaying a 'Customers also bough' tab on the product page of many apps. Even though sometimes these apps can be complimentary (such as Facebook and Messenger) most of the times they seem to be competing. For example, a casual game will have recommendations for other casual games and a productivity app will have recommendations for other apps with similar functions.
These similar apps, compete for the user's attention, wallet as well as phone storage space (the 16GB model is the best selling amongst the iPhones).
For every promoted app we gathered the apps appearing in its 'Customers also bought' tab'. We then collected the entire review history of every such app. We aim to study the effect of the promotions on these competing apps' sales. A negative effect on sales would suggest that the promotion causes customers to select the promoted app amongst the alternatives, possibly because of it's discounted price or to avoid the cost of searching further. A positive effect would suggest that the promoted app increases awareness for itself as well as apps similar to it and customers use the promoted app as a starting point to search further for the best alternative.
In order to statistically test these findings, we estimate the following model on the volume of reviews for the apps similar to the four set of featured apps.
The post variable indicates if the datapoint is after the promotion, and treat is a binary variable indicating if the review is for an app in the treatment group or not. The post·treat interaction term is the one that captures the variation that is not explained by the control dataset, hence it's the variable that estimates the causal effect of the promotion. Note that, unlike previous sections, the treatment group here is not the apps featured in the promotions but the apps that appear in the 'Customers also bought' section of the the promoted apps. 
Since low barrier promotions make it very easy and costless for the user to acquire the promoted app, we expect that customers exposed to such suers will not explore for further alternatives and hence competing sales will decrease. Indeed, we find that apps competing with Apple Weekly promotions see their average daily number of reviews fall by XX in the 7 days of the promotion compared to the 7 days before. Similarly, we see a decrease of YY for apps competing with Starbucks Digital apps. Furthermore, we find that even apps competing with the Starbucks In-Store apps see a decrease of ZZ. This is even though Starbucks In-Store has a slightly non-trivial redemption procedure. Finally, and perhaps most interestingly, we find an increase of ZZ for the sales of the apps competing with Apple Amazing apps.
The negative and significant coefficients for the post·treat variable for all full price discounted promotions, shown in Table 5 , confirm that such promotions have a negative effect on the sales of their competition. In contrast, the only partially discounted promotion causes an increase in the sales of its competition.
This suggests that, especially in electronic markets where such recommendation algorithms are in place, increasing awareness for a product may increase awareness and sales for it's competition. That is, unless the promotion is such that offers no incentives for users to explore for further alternatives, such as a full price discount.
We expect similar positive and negative externalities to exists in other types of markets as well, and in other types of marketing campaigns. Essentially, if we look at the recommendation graph produced by the centralized platform as a graph on which the user is walking a random walk, any increase in the probability of a specific point will have some effects on that point's neighbors.
This suggests that practitioners designing marketing campaigns for their products should be aware of the positive externalities they can have on their competition. In fact, phenomena similar to this has already been observed in the literature, Lewis and Nguyen (2014) 6 Discussion and Insights
We studied four promotions offered on Apple's iOS AppStore, that varied in scale of exposure, level of price discount and ease of redemption. We aim to understand better the effects that these promotions have on the sales as well as the ratings of the featured apps. We found positive effects on the sales for all promotions and mixed effects on the ratings. Notably, the only promotion that was not full price discounted was that only one that had a negative effect on the ratings of its featured apps whereas the weekly promotion run by Apple was the one with the largest positive effect.
We also explored the correlation between app characteristics and how succesfull their promotion campaign is. We found that when a promotion is low barrier, i.e., digital and free, users are equally likely to get an app no matter the app's previous popularity, regular price and age. In contrast, promotions with higher barriers, such as non-zero price or non-trivial redemption process, induce a rich-get-effect where users are more likely to get a promoted app if it's already established and successful.
Finally, our study also explored the effect of the promotions on the sales of their competitors. We found that full price discounts decrease the sales of their competitors, perhaps because users have no incentive to search for further alternatives. In contrast, the only partially discounted promotion in our study, Apple Amazing, caused an increase in the sales of it's competition. This suggests that the promotion raised awareness for the featured apps, but the non-free price tag incentivized users to hold back on their purchase until they explore further alternatives.
These insights can help practitioners better design their promotion campaigns. Our work displays the benefits in sales and ratings of being featured in carefully selected and farreaching promotions, but also the potential risks of not full price discounts. We also show that apps are newer and not yet very popular should avoid being featured in high barrier promotions alongside with more successful apps, since then the more succesfull apps will disproportionally benefit from the promotion. Finally, we exhibit the positive and negative externalities that various types of promotions can have, which make developers more aware of the full extend of the effect that their promotions can have on their competitors, as well as the other way around too.
Future Directions
We believe there are many interesting questions left to be studied in future work. Moreover, promotions done by the developer's themselves can also be of interest. The four promotions studied in this paper all involve a selection process by a third party, but at any given day there are apps that are being sold in reduced prices, from their developers.
These promotions are closer in spirit to the ones offered on platforms like Groupon since they are self-selected. Insights on the effect that these type of promotions have on the sales and ratings of the apps can help our understanding of the 'Groupon effect ' Byers et al. (2012) .
It can also help developers explore better promotion strategies.
Finally, it will be of interest to see if effects similar to the ones discovered in this study arise when other types of digital goods, such as songs and movies, are offered in promotion.
